This paper places the perception of noise annoyance within the framework of environmental assessment. It is shown that due to the inherent vagueness and uncertainties in the involved concepts, available data and knowledge, fuzzy techniques are very well suited for the modeling of this perception. This idea is then used to construct a fuzzy rule based model for the prediction of the level of general noise annoyance. It turns out that this model can be decomposed in building blocks, each describing the noise annoyance caused by an individual source. Finally, the models are tested against data collected in social surveys and the results are reported.
Introduction
The last decennia saw an increasing endeavour to achieve a society based on a sustainable development, a society that can meet the needs of the present without compromising the ability of future generations to meet their own needs. An important prerequisite to reach this goal is the management and control of the impact of environmental pollution caused by social activities. This requires accurate models for the prediction and management of this impact. Systems that provide such modeling capabilities are known as Environmental Management Systems (EMS). In an ideal situation, an EMS should cover models from the source of environmental pollution to the adverse effects on man and nature.
After an introduction to a general framework for integrated environment assessment, this paper will focus on perception and viability aspects of a particular subset of environmental themes.
Environmental assessment framework
A common framework for integrated environment assessment is the DPSI-R framework as outlined by the OECD (Organization for Economic Co-operation and Development). Socio-economic driving forces (D) exert pressure on the environment (P), modifying the state of the environmental (S), which has an impact on ecosystems and health (I). Finally, controlling this impact requires responses (R) from natural systems (e.g. self-regulation) and environmental policy makers. These responses can operate on all levels.
As an example, consider this framework applied to environmental noise pollution. The primary driving forces are traffic (road, rail and air) and the machinery from small businesses and industry. The pressure can be quantified as the emission of a source measured in dB. For the assessment of the state (noise immission), sound propagation models (based on the emission) or measurement campaigns on the spot can be used. The preferred unit is the dB(A), which is the sound level weighted by the frequency sensitivity of the human ear. Noise annoyance is generally considered a good indicator for the adverse health effects (impact) of noise pollution on man, such as sleep disturbance, stress, high bloodpressure,... Although noise annoyance is influenced by many factors, such as the persons age, size of household,... the sound exposure is an important part, typically taken into account as L A,dn which is the average weighted sound level for a 24-hour day with a 10 dB(A) penalty for noise exposure during night.
Prediction of the environmental impact requires data and knowledge at each level. However, there are a few problems. Typically, the amount of vagueness in the concepts that are used increases as one progresses through the DPSI-R chain. E.g., consider the concepts of noise annoyance and sensitivity to noise, which are inherently vague. Secondly, because environmental data is usually expensive to collect, it is scarce, vague and uncertain (e.g., amount of traffic is only an estimation). This is a big issue as data uncertainties tend to accumulate when used to predict the next level in the environmental pollution chain. Thirdly, models also suffer from uncertainty because not all important variables and their relationships are fully known yet.
From the above description, it is clear that fuzzy techniques can help to make more accurate predictions by incorporating the vagueness and uncertainty into the modeling and reasoning process. In the next sections, this paper will focus on the modeling of the impact level. For a discussion of fuzzy models in the other DPSI-R levels, please refer to [6] .
Modeling the annoyance concept
As already pointed out, annoyance is a concept that is hard to quantify because there is no underlying, physically measureable scale. Instead, it is usually qualitatively assessed with social surveys. These can be performed by phone or mail, but ultimately they all ask the respondent about their level of annoyance, e.g.: "Thinking about the last 12 months, how much does noise/oder/too much light/... bother, disturb or annoy you?" [1] . The subjects are asked to answer this question on a numerical scale (e.g., from 0 till 10) or by selecting one out of the four or five words presented to them, each describing a degree of annoyance, e.g., "not at all annoyed", "slightly annoyed", "moderately annoyed", "very annoyed" or "extremely annoyed".
The first step towards incorporating this vagueness into a fuzzy model is the construction of membership functions. Each of the linguistic annoyance terms in this restricted language can be represented by a fuzzy set on the universe [0, 10] that is interpreted as a possibility distribution [8] . Using data gathered in an International Annoyance Scaling Study to construct this representation, commonly used labels for a categorical annoyance scale are associated with a fuzzy set that uniquely describes their meaning. Two approaches seem to perform well [2] . The first one is based on the construction of the probability distribution and then converts it to a possibility distribution. The second one, starts by fuzzifying the crisp point of each term for each individual respondent and then aggregates all those curves.
Next, linguistical IF-THEN rules can be articulated to express the available knowledge and to model the environmental quality. The remaining part of this paper will focus on a fuzzy noise annoyance model.
Modeling the perception of annoyance
When people are asked to judge their general level of noise annoyance, they tend to reason in terms of a few sources (e.g. road traffic) or particular activities (e.g. smashing doors). Apparently, our mind makes some kind of aggregation of the annoyance caused by different sources. Of course, this leads to the question of how people assess the annoyance from a particular source, which is in turn influenced by several factors, such as the sound exposure (soundscape), satisfaction and expectation of the neighborhood (enviroscape) and personal characteristics (psychscape). Each such model for a particular source can be seen as a building block in the general noise annoyance model, which then aggregates all results of the building blocks. Sometimes, it will even be necessary to further decompose a model into smaller building blocks when factors are difficult to grasp with only a few variables or if a factor is rather subjective and a model based on more objective criteria is desired.
Modeling the accumulation of annoyance
The model of the accumulation of noise annoyance caused by several sources [3] mimics the cognitive process that people use to evaluate general annoyance using linguistical IF-THEN rules. To a certain extent it can also be viewed as a fuzzification of the crisp "strongest component model" that is known to perform best among crisp models. This model simply states that the level of general noise annoyance is equal to the maximum of the levels of annoyance caused by the individual sources.
The fuzzy model, depicted in Figure 1 , contains one rule base for each categorical label (i = 1,..., n; n being the highest possible level of annoyance) that describes a degree of annoyance, represented by a fuzzy set. Each rule base contains one rule for each annoyance source (s = 1,...,m). A unique feature of the model is the linearly chained fuzzy rule bases: firing rules related to a higher level of annoyance prohibits firing rules related to a lower level of annoyance (in a fuzzy interpretation). The rules are calculated using the Mamdani implication operator and thus create the possibility that the accumulated annoyance equals that term [10] .
Of course, not all sources have an equal impact on the result, hence each noise source is assigned a possibility degree, weighting its impact. This possibility degree is applied to the consequences of all rules that involve that source. A possibility qualification with degree m S is defined as (
Because possibilistic rules are seen as a data gathering process, the results of all rules in each rule base are aggregated using an appropriate conorm. Finally, the results of all rule bases are further aggregated using a conorm to calculate the final outcome. To be able to compare the result of the model with the general noise annoyance reported in social surveys, linguistic approximation based on a similarity measure is used to select the best matching categorical label for this outcome. 
Modeling annoyance caused by one category of source
As already pointed out, the general noise annoyance accumulation model must be fed by building blocks, modeling the noise annoyance caused by an individual source. In this paper we will focus on two such building blocks, one for road and one for railway traffic noise [4] . In these models, not only acoustical related variables must be taken into account. Variables from the psychological and environmental context also have their influence on the way people experience noise annoyance. Because the relations between all those variables are very complex [7] (see Figure 2) , not fully known and highly non-linear, a fuzzy approach seems appropriate to do justice to the inherent vagueness and uncertainties that are involved. Another issue that arises here is the problem of interacting variables. As an example consider the topography. An open topography increases the noise exposure and thus the level of annoyance, however, it also indicates a more rural (land use) area and thus has a positive effect on the annoyance. Besides it will also influence non-noise exposure, such as odor pollution. Hence, in writing fuzzy IF-THEN rules, one should be very cautious and try to investigate each factor separately before drawing conclusions. Another problem is the handling of cycles, e.g. coping. One will only close a window due to a certain degree of annoyance, however, because of that the annoyance will decrease. A possible approach consists of multiple loops through the annoyance model, using the outcome of the previous loop as input for such variables, until a stable outcome is obtained. The constructed model contains several hierarchically linked rule bases, describing the knowledge of the influence of variables on the experience of annoyance. In some cases, "intermediate" variables, e.g., sensitivity, context elasticity,... are further decomposed into rules describing them. To cope with the uncertainties of the rules and to weight the importance of the various factors, each rule is assigned a certainty degree. This expresses to what extend it is sufficient to have the antecedent true for concluding the consequent. Formally, a certainty qualification with degree l is defined as ( )
, S a conorm and N a negator [9] . Mainly for efficiency purposes, all rules are calculated using the Mamdani implicator and the results of all rules in a rule base are aggregated with a conorm. For the final aggregation of all rule base results that are considered as expert opinions, the product norm is used as aggregation operator because it employs a maximum amount of information.
Again, to be able to compare the result with the reported noise annoyance in a social survey, linguistic approximation to one of the label of the categorical scale is performed.
Testing and validation
In the previous sections, we have developed a model for the prediction of the perceived general noise annoyance level and some of its building blocks. Next the models are validated against data collected in social surveys. The performance of the models is calculated with an adequate error measure taking into account the number of faulty predictions and the relative distance between the outcome and the fuzzy set representation of the correct term. The rule weights that appear in the rules are optimized with a genetic algorithm [11] to minimize this error. In the end, for human interpretability the performance is expressed as the weighted percentage of correct predictions for each linguistic term.
Data
Two different datasets are used to test the models. The first one is collected by a postal social survey on the influence of odor, noise and too much light on the quality of the living environment in Flanders (Belgium). The general annoyance question was one of the first questions in this study, followed by the questions concerning annoyance by particular sources on a separate page, e.g., road traffic, railway traffic, factories, playing children,... For each question, the respondents had to choose one out of the following five terms: "helemaal niet gehinderd", "een beetje gehinderd", "tamelijk gehinderd", "ernstig gehinderd" en "extreem gehinderd" (not at all, slightly, fairly, strongly, extremely). Exposure to traffic noise is obtained through simulation.
Secondly, data from an Austrian study conducted in the Inn-valey of Tyrol [5] is used. In this telephone survey on road and railway noise, many variables from different contexts were asked, including the annoyance caused by road and rail traffic. The respondents were able to choose one out of four annoyance terms, "überhaupt nicht belästigt", "teilweise belästigt", "mittelmäbig belästigt" and "stark belästigt" (not at all, slightly, moderately, highly). Again, the sound exposure was obtained through simulation, afterwards corrected according to a few measurements.
Results
Due to the nature of the available data, the accumulation model can only be tested with the data from the Flemish survey. The weighted percentage of correctly predicted annoyance levels on the categorical scale with five labels is 59%. Compared to the performance of the crisp strongest component model (55.5%) this is not only slightly better, but it also provides an explanation why the strongest component -black box-model works. In fact, this fuzzy model seems appropriate to model the accumulation of annoyance, even for different sources. E.g., it also performs well on the prediction of the accumulation of odor annoyance (56.3%). This can be attributed to the way the linguistical model imitates the underlying cognitive judgement process.
The results of the buildings block models for road and railway traffic noise are shown in Table 1 . Please note that, although the percentages may not seem high, they should be compared against the 25% that would statistically result from guessing. It is also generally accepted that acoustical variables alone can only explain about one third of the experienced noise annoyance. In this paper the latest results in the modeling of noise annoyance are summarized and put into a uniform context. Using fuzzy set representations and fuzzy logic inference, the concept of general noise annoyance is unravelled into the annoyance caused by individual sources. Annoyance by railway and road noise is further decomposed into intermediate variables, again decomposed into more objective variables. The final result is a strong hierarchical model fed by objectively measureable data.
